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ABSTRACT
Research indicates that how individuals utilise language to express themselves reflects individual-
level differences regarding psychosocial characteristics, including perceived Quality of Life (QoL). In
this study, we apply a language modelling technique to the natural user-generated language from
Facebook to examine associations between language expressed on Facebook and self-reported
QoL. Specifically, we collected the user-generated language from a sample of 603 Facebook
users (76.3% females), mined emerging text corpora using the LIWC closed-vocabulary approach,
and examined associations between LIWC features and self-reported domain-specific QoL
(Physical, Psychological, Social), and General QoL. In line with previous research, we found use of
pronouns, negative emotions, death and sleep words, and use of profanity to be significantly
associated with QoL. Next, we used the Random Forest algorithm to test the predictability of
QoL dimensions based on LIWC features and posting activity statistics. The models achieved
moderate predictive power (r ranging from .22 to .33), the Psychological and General QoL
dimensions showing the highest accuracy. An alternative approach combining LIWC features,
posting activity, and predicted scores for domain-specific QoL components showed increased
accuracy when predicting General QoL (r = .43). Findings are discussed in light of previous
literature. Suggestions for improving models in future studies are provided.
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Quality of Life (QoL) is a multidimensional construct
that includes dimensions of physical, mental, emotional,
and social perceptions of self (WHO 2018). QoL is linked
to positive life-course outcomes, including lower disease
incidence and autonomy in older years (De Siqueira
Rodrigues et al. 2010; Diener and Chan 2011; Payette
2005; Penedo and Dahn 2005). As such, QoL provides
an indication of healthier or riskier individual life-course
trajectories, long before health problems develop (Blane
et al. 2004). Scholars have highlighted that overall QoL is
casually linked to the levels of QoL assessed in specific
domains (e.g. Power, Bullinger, and Harper 1999;
Wong et al. 2018): this means that the information
about QoL in different domains may be useful to infer
individual general QoL.
Currently, two main methods to assess QoL are typi-
cally employed. The first, ‘objective’ method is centred
on social, economic, and health indicators (Cummins
et al. 2003), or physiological markers of physical fitness
(Chung and Pennebaker 2005). A second, more subjec-
tive method often used in the fields of medicine and
social sciences relies on self-report instruments intended
to measure the many domains of QoL in the general
population, and in specific groups based on age, disease
status, and health condition (e.g. the WHO-QoL, WHO
2018; the SF-8 Health Survey, Turner-Bowker et al.
2003).
A new and promising avenue for researchers inter-
ested in measuring QoL might involve harnessing the
power of new technologies such as Social Network
Sites (SNS) (e.g. Facebook, Twitter, Instagram, etc.).
Since the early 2000s, SNS have attracted billions of indi-
viduals to their platforms, and have provided a new
method of interpersonal communication that is immedi-
ate, filled with emotional valence, and unaffected by geo-
graphical distances. For example, as of August 2019,
Facebook has an outstanding 2.41 billion monthly active
users worldwide (Statista 2019a), with 1.58 billion users
accessing their profiles on a daily basis (Statista 2019b).
Information found on SNS includes naturally occurring
user communications and personal expressions (e.g. sta-
tus updates, comments, Likes, pictures, videos, etc.) that
constitute goldmines of information about individual
users’ subjective feelings; this information from SNS
has been proven quite useful in investigating the connec-
tions between online user activity on SNS and individual
offline psychosocial characteristics. These records of
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human activity on SNS, or digital footprints, can be col-
lected and analysed by professionals from diverse disci-
plines with a wide range of aims (Kosinski et al. 2015).
In particular, recent meta-analyses support the notion
that digital footprints can be successfully extracted and
analysed in order to gain insights about user’s individual
psychosocial characteristics such as personality (Azucar,
Marengo, and Settanni 2018), intelligence, and well-
being (Settanni, Azucar, and Marengo 2018). Regarding
psychological well-being, studies have highlighted the
presence of significant connections between language
use on SNS in relation with satisfaction with life (e.g.
Liu et al. 2015; Schwartz et al. 2013), and symptoms of
psychological distress, such as depression, anxiety, and
stress (De Choudhury et al. 2013; Schwartz et al. 2014;
Settanni and Marengo 2015; Tsugawa et al. 2015;
Wang et al. 2013). Indeed, associations between the
way people express themselves and their self-reported
well-being have been reported throughout the past few
decades. Early pioneering studies examining language
use in natural speech found that individuals with
depression tend to use first person singular pronouns
at higher rates than non-depressed individuals (e.g.
Bucci and Freedman 1981; Weintraub 1989). More
recent studies focusing on the analyses of different
sources of language use – such as diaries, speech, and
interview transcripts – highlighted links between
emotion-related words and measures of depression
(Mehl 2006; Rodriguez, Holleran, and Mehl 2010; Tov
et al. 2013), and anxiety (Ahmad and Farrell 2014; Bek-
ker, Hewison, and Thornton 2003; Hofmann et al. 2012).
Typically, these studies have employed automated pro-
cessing software to score texts – with one of the most
cited in the literature being the Linguistic Inquiry and
Word Count (LIWC) (Pennebaker, Francis, and Booth
2001). LIWC consists of a dictionary which can be
used to score texts according to pre-determined lexical
categories, including function word categories (e.g. pro-
nouns, articles, prepositions, and auxiliary verbs),
psychological processes (e.g. negative and positive
emotions, and cognitive processes), and a range of content
categories reflecting personal concerns (e.g. health, work,
education, leisure activities) (Chung and Pennebaker
2007). Some successful applications of the LIWC soft-
ware to study psychological well-being include Rude
and colleagues who compared personal essays of
depressed vs. never-depressed students and found that
the students with depression used a significantly higher
amount of first person pronouns in their writing
(Rude, Gortner, and Pennebaker 2004). In a similar
way, Chung and Pennebaker (2005) asked a sample of
students to complete an assignment in which they
wrote about their QoL for 20 min. Upon analysing
existing relationships between satisfaction with life
scores and student text corpora using the LIWC they
found that students who used more ‘non-I’ personal pro-
nouns, prepositions, and positive emotion words, had
higher QoL scores, while a higher presence of first person
singular pronouns, negations, or negative emotion words
was indicative of lower QoL scores. Regarding the analy-
sis of SNS texts, Settanni and Marengo (2015) found sig-
nificant associations between LIWC indicators of
negative and positive emotionality in Facebook status
updates, and self-report measures of depression, anxiety,
and stress. Additionally, Tov and colleagues found that
negative emotion extracted from user generated text on
SNS was associated with higher levels of daily sadness,
anger, and depression, and that LIWC anger and anxiety
features were correlated to daily negative emotions (Tov
et al. 2013). Furthermore, in a study conducted by Yang
and Srinivasan (2016), Twitter users reporting low satis-
faction with life expressed negative emotion, anger, and
sadness, and body-related words through their online
post more frequently than users reporting being more
satisfied with life.
Overall, these findings provide a promising foun-
dation for the detection of individual QoL via the analy-
sis of language use on SNS. Studies exploring the links
between QoL based on digital footprints have mostly
focused on the analysis of smartphone activity data (i.e.
sensor and GPS data, telephone calls and SMS logs; e.g.
Asensio-Cuesta et al. 2019; Cote et al. 2017, 2019; Mess-
ner et al., 2019), while research investigating the link
between SNS activity data and QoL is scant. Still, given
the widespread use of SNS in the general population,
studies exploring the association between indicators of
SNS use and QoL could provide useful insights and foster
the development of tools aimed at monitoring individual
(and possibly group-level) QoL in an unobtrusive way,
thus potentially reducing the barrier to screening for
large populations.
Based on these considerations, in this study, we aim to
explore and interpret the connections between self-
reported QoL and user-generated text shared on Face-
book. Collected texts are analyzed using LIWC in order
to extract linguistic features and examine their relation-
ships with QoL. We hypothesise that a significant
relationship exists between QoL and the words used by
individuals through the text corpora they generate to
communicate and express themselves on Facebook,
both in terms of quantity and quality of texts. Addition-
ally, we hypothesise that it is possible to predict individ-
ual QoL using features extracted from participants’ SNS
profiles using a machine learning approach. In order to
maximise prediction accuracy, previous studies have
proposed to combine multiple analytical approaches
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when mining SNS texts for the prediction of psychologi-
cal and behavioral characteristics (i.e. using a combi-
nation of survey data and closed-vocabulary features,
Hall and Caton, 2017; combining closed- and open-
vocabulary features, (e.g., Marengo, Azucar, Giannotta,
Basile, and Settanni 2019; Schwartz et al., 2013). In the
present study, we explore the feasibility of a novel
approach to predict general QoL leveraging on expected
theoretical associations between general QoL and
domain-specific QoL components, e.g. physical, psycho-
logical, and social QoL.
2. Methods
2.1. Sample and procedure
We recruited participants by disseminating online a
specifically devised Facebook application allowing for
both the administration of an online survey and the col-
lection of users’ digital footprints. In order to enroll in
the study, participants had to be at least 18 years old,
and provide access to their Facebook posts using the
Facebook login. Informed consent was obtained by all
participants using a specific online form. The research
was approved by the university institutional review
board (n° 88721). Eventually, 3000 participants accessed
the app, 93% (N = 2788) of which both answered the
online QoL questionnaire and provided the researchers
with access to their Facebook posts. It is worthy to
note that this unusually high response rate can be par-
tially explained by the brevity of the administered ques-
tionnaire (about 1 min needed to complete it) and by the
presence of immediate and personalised feedback for
users who completed the questionnaire (e.g. a personal-
ised word cloud graph based on words shared by the user
on Facebook).
We collected and examined texts shared by users in
the 12 months before her/his access to the app and com-
pletion of the QoL questionnaire. We chose to collect
data over this relatively wide timeframe as it is theoreti-
cally reasonable to expect participants’ current QoL state
to reflect both current events and events that have taken
place earlier in time (Luhmann et al. 2012). Additionally,
in line with previous literature, we expected that users’
current psychological state might show significant
associations with digital traces of language even up to
several months (up to 10–12 months, Liu et al. 2015).
Further, as done by previous authors (e.g. Iacobelli
et al. 2011; Kern et al. 2014; Park et al. 2015, 2016) in
order to ensure validity of LIWC scores, we limited the
study sample to individuals who had posted at least
1000 words in their status updates and associated com-
ments during the considered timeframe.
After filtering out data not meeting the criteria for
inclusion, the final sample consisted of 603 individuals
(76.3% female, 54.1% aged 18–25 years old; regarding
education level, 54.9% reported at least a bachelor-level
education, while the remaining 45.1% reported a high-
school level education), who on average, had posted
129.98 textual posts (SD = 0.71) and 2591.83 words
(SD = 2292.40) over the 12 months before participating
in the study.
2.2. Instruments
2.2.1. Language use in Facebook posts
Automated text analysis was performed on the partici-
pants’ textual posts with the LIWC software. For the pur-
pose of this study, we employed an adapted version of
the Italian version of the 2001 LIWC dictionary (Alpar-
one et al. 2004), including four new custom dictionaries
assessing use of emoticons and emoji expressing positive
and negative emotions. In order to include emoticons in
the text analysis performed with LIWC, we used a two-
step procedure. First, collected texts were pre-processed
by recoding each distinct emoticon and emoji with a
unique string id. This recoding step was necessary in
order for emoticons and emoji to be detectable by the
LIWC software. Then, we used the categorisations of
emotional valence respectively proposed by Vashisht
and Thakur (2014) for emoticons, and Rodrigues and
colleagues (2018) for emoji, to create four custom
LIWC dictionary categories: positive and negative emo-
ticons, and positive and negative emoji. Essentially,
these new LIWC categories consist of lists of string ids,
each referring to specific emoticon or emoji, to which
we assign either a positive or a negative valence.
2.2.2. Quality of Life
We assessed QoL using a short instrument assessing a
general and three specific components of QoL, namely
psychological, physical, and social QoL (WHO 2018).
Upon entering the Facebook application with their Face-
book profile, users were informed the questionnaire
would last only a couple of minutes. QoL was measured
using 4 single-item measures: (1) How do you rate your
physical health? (Physical QoL); (2) Thinking about
common problems, such as stress, anxiety or depressed
mood, how do you generally evaluate your emotional
state? (Psychological QoL); (3) How satisfied are you
with your personal relationships? (Social QoL), (4)
How would you rate your quality of life? (General
QoL). Participants answered each question using a 5-
point Likert scale ranging from 1-Very poor to 5-Very
good. Table 1 presents descriptive statistics for QoL
scores for the sample. Correlation between context-
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specific QoL variables and general QoL ranged between
.37 (physical QoL) and .52 (psychological QoL).
2.3. Strategy of analysis
Spearman’s rank-order correlation was applied to
explore associations between each domain-specific QoL
component (i.e. Physical, Psychological, and Social
QoL), general QoL, and both posting activity statistics
(i.e. number of wall posts, number of textual posts, num-
ber of poster words) and LIWC numeric, lexical, seman-
tic and morphological features of the study participants’
posts. We chose Spearman’s correlation over Pearson’s
correlation because of the non-normality of many
LIWC indicators. Given the large number of concurrent
statistical significance tests, we used the False Discovery
Rate (FDR) criterion to correct significance levels (Ben-
jamini and Hochberg 1995). The FDR was set to 0.05,
corresponding to a 5% probability of being a false posi-
tive (Benjamini and Hochberg 1995).
Finally, we examined the predictive power of partici-
pants’ posting activity statistics and language use indi-
cators over each of the domain-specific QoL
components and general QoL. Analyses were performed
using the Random Forests machine-learning algorithm
(Breiman 2001) using the Weka data-mining software.
Instead of performing predictions using the whole set
of features as in conventional regression and classifi-
cation trees, the Random Forests (RF) algorithm boot-
straps subsamples of features and observations, an
approach that allows for the handling of very large sets
of features (even more than there are observations)
remaining robust against overfitting and collinearity pro-
blems (Breiman 2001). Another characteristic of the RF
algorithm is that it is nonparametric, which means that
the algorithm does not impose specific distributional
assumptions on the structure of the data. Other relevant
advantages of the RF algorithm with respect to other
approaches, such as multivariate regression and classifi-
cation trees are that it allows for the use of both categori-
cal and continuous independent variables; and that it
permits to account for interactions and nonlinear
relationships between predictors (Aertsen et al. 2010;
Breiman 2001). As a last step in the analyses, we tested
an RF model aimed at predicting general QoL on the
basis of both features extracted from SNS profiles, and
the expected relationship between each domain-specific
QoL variables and general QoL. In order to reach this
aim we followed a two-step procedure: (1) we predicted
domain-specific QoL components using participants’
posting activity statistics and language use indicators
only, and (2) we predicted the general QoL score using
both text features and predicted scores for the domain-
specific QoL components.
For the purpose of this paper, analyses were performed
using a randomly generated 80/20 split validation
approach for training and testing the predictive models.
Three parameters of the RF algorithm were manipulated:
the number of features in the random subsamples at each
node of the tree, the number of trees, and the maximum
depth of the trees. The RF algorithm was tested using
100, 200, 500, 1000, 2000, 4000, and 8000 trees. The num-
ber of n features considered at a node was tested at default
setting (i.e. log2n + 1), and at each value of the 1–10 range.
Depth of trees was tested at default setting (i.e. random
depth), and at each value in the 1–10 range. To minimise
overfitting (e.g. Stachl et al. 2019), selection of model par-
ameterswas performed on the training by implementing a
grid-search method with 10-fold cross-validation. Then,
accuracy in predicting the QoL components was evalu-
ated on the test set by inspecting: (1) Pearson correlation
between observed and predicted scores, as a measure of
the model predictive power, and (2) Mean Absolute
Error (MAE) and Root Mean Square Error (RMSE) stat-
istics, to estimate the mean error committed using the
model to predict QoL.
3. Results
3.1. Associations between posting activity, use of
language in Facebook posts, and Quality of Life
Table 2 shows results of rank-order correlations between
each QoL item and both participants’ posting activity
statistics, and LIWC indicators. Many significant (p
< .05) correlations emerged. The general QoL com-
ponent showed negative correlations with the overall
number of posted words. Concerning LIWC indicators,
the general QoL component showed negative corre-
lations with use of pronouns, self-references, reference
to others, and use of negations. It also showed negative
correlations with LIWC emotional indicators (i.e.
affect, negative emotions, anger, and sadness), and both
words indicating present concerns, and exclusion
words. The general QoL component also showed nega-
tive correlations with physical-, and body-related con-
cerns, and words about sleeping and grooming activity.
A specific negative association emerged between the gen-
eral QoL component, and words about death. It also
Table 1. Average scores for QoL components.
QoL Component M SD Range
General 3.81 0.79 1–5
Physical 3.78 0.80 1–5
Psychological 3.21 1.01 1–5
Social 3.65 0.97 1–5
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showed negative associations with coarse language
(swear) and use of emoticon conveying negative
emotions. Finally, the general QoL component showed
positive associations with use of words about school,
and leisure activity.
Results concerning the physical, psychological, and
social QoL components showed a similar pattern, albeit
some differences emerged. Concerning the physical
QoL component and its association with participants’
posting activity, a negative correlation also emerged
with the frequency of text posting activity. In turn, no
associations emerged between the activity statistics and
both the physical and psychological QoL components.
Concerning use of pronouns, we found use of first-per-
son singular pronouns (i.e. I) negatively correlated
with both physical and psychological QoL, but not
with the social QoL component. The psychological
QoL component showed a negative association with
the second person singular pronouns (i.e. you) and refer-
ences to others, while the social QoL component did not
correlate with use of negation words.
Concerning emotion-related words, a few differences
also emerged. The physical QoL component showed a
negative association with words indicating positive
emotions, and no association with the sadness indicator.
Both the psychological and social QoL components
showed no association with the general affect indicator.
In turn, the psychological QoL component showed a
positive correlation with optimism words and a negative
correlation with anxiety words.
Other specific associations emerged between the
physical QoL component and words indicating hearing
processes, number words, and use of negative emoji. In
turn, the physical component did not show significant
associations with words about exclusion, sleeping,
grooming, and use of swear words. Similarly, the psycho-
logical QoL component did not show a significant corre-
lation with words about leisure activities, and school. In
turn, the social QoL component showed specific negative
associations with words indicating causation processes,
Table 2. Rank-order correlation between QoL scores, activity




Quality of life dimensions
Physical Psychological Social
Statistics
Number of textual posts −.08 −.08* −.05 −.02
Word count −.09* −.08* −.03 −.05
LIWC indicators
I. STANDARD LINGUISTIC DIMENSIONS
Total pronoun −.12* −.12* −.13* −.06
I −.08 −.09* −.12* .00
We −.02 −.02 −.01 −.04
Self −.09* −.08* −.13* −.02
You −.05 −.02 −.08* −.02
Other −.13* −.11* −.08 −.13*
Negate −.15* −.12* −.14* −.10*
Assent −.06 −.02 −.04 −.02
Article −.01 .04 −.02 −.01
Prepositions .04 .01 .03 .03
Number −.05 −.08* −.02 −.03
II. PSYCHOLOGICAL PROCESSES
Affective processes −.08* −.09* −.05 −.06
Positive emotions −.03 −.09* −.05 .00
Positive feelings .00 −.04 .02 .01
Optimism and energy .05 .04 .10* .03
Negative emotions −.17* −.10* −.16* −.13*
Anxiety −.08 −.06 −.13* −.01
Anger −.13* −.09* −.09* −.09*
Sadness −.13* −.08 −.13* −.10*
Cognitive processes −.08 −.07 −.04 −.08
Cause −.08 −.07 −.03 −.10*
Insight −.02 −.01 .02 −.06
Discrepancy −.08 −.07 −.03 −.07
Inhibition −.04 −.02 .02 −.05
Tentativeness −.04 .01 −.02 −.06
Certainty −.03 −.03 −.06 −.01
Sensory processes −.06 −.07 −.08 −.02
See .00 .01 −.02 .01
Hear −.06 −.10* −.05 .00
Feel −.03 −.02 −.05 −.01
Social processes .02 −.05 .01 .05
Communication .00 −.02 .00 .01
References to others −.06 −.05 −.04 −.06
Friends .02 −.01 .03 .06
Family .06 −.02 .04 .09*
Humans .01 −.04 −.01 .05
III. RELATIVITY
Time .02 .05 −.02 .02
Past −.07 −.06 −.04 −.06
Present −.11* −.13* −.10* −.05
Future .02 .07 −.02 .00
Space .08 .05 .07 .05
Up −.02 −.04 −.02 −.01
Down .00 −.03 −.03 .05
Inclusion .02 .01 .00 .01
Exclusion −.09* −.08 −.08* −.05
Motion −.02 .00 .01 −.04
IV. PERSONAL CONCERNS
Occupation .07 .07 .06 .08*
School .13* .12* .05 .13*
Job .00 −.02 .05 .02
Achievement −.03 .03 −.02 −.03
Leisure activity .10* .11* .04 .03
Home .07 .05 .00 .07
Sports .00 .00 .04 −.04
TV −.03 .05 −.04 −.03
Music .07 .09* .08 −.01
Money & financial issues −.06 .00 .00 −.11*
Metaphysical issues −.06 −.02 −.07 −.01
Religion −.03 .05 −.06 −.03
Death & dying −.09* −.08 −.07 −.03






Quality of life dimensions
Physical Psychological Social
Body states, symptoms −.11* −.16* −.12* −.04
Sex and sexuality −.04 −.07 −.05 −.02
Eating, drinking, dieting −.04 −.02 −.04 −.03
Sleeping, dreaming −.11* −.07 −.14* −.10*
Grooming −.08* −.05 −.09* −.01
V. OTHER DIMENSIONS
Swear words −.14* −.08 −.08* −.09*
Positive Emoticon −.11* −.04 −.08* −.09*
Negative Emoticon −.09* −.08 −.07 −.07
Positive Emoji .02 −.02 −.03 .02
Negative Emoji −.05 −.09* −.05 .00
*p < .05.
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and money concerns, while showing positive associ-
ations with family and occupation-related words. The
social QoL component did not reveal significant corre-
lations with body-related words (i.e. physical, body), pre-
sent words.
4. Prediction of Quality of Life
Results of application of the RF algorithm using both
posting activity and LIWC indicators as predictors of
the QoL components are reported in Table 3. For all
QoL components, we found that the best performing
RF model was based on 8000 trees, while settings for
the number of attributes and depth of trees varied
across components. Examination of correlations com-
puted between observed and predicted values indicated
that at R = .33, the general QoL was the most accurately
predicted, while the physical QoL was the most difficult
to predict (R = .22). Accuracy of predictions was evalu-
ated by MAE and RMSE statistics: General and Psycho-
logical QoL dimensions were more accurately
predictable than the other dimensions. As depicted by
the MAE statistics, the prediction error was quite low
for all the QoL dimensions. Relative errors, computed
as MAE/variable range×100, were between 15.5% and
22.5%, respectively for physical and psychological
QoL, while for General QoL the relative MAE was
equal to 16.3%.
As a last step, we tried and performed a novel
approach to estimate the general QoL. This approach is
based on the theoretical knowledge about QoL; many
past studies, conducted in a variety of contexts, have
highlighted the relationship between overall perception
of QoL and the different domain-specific QoL variables.
Given the existence of this pattern of relationships, we
applied a two-step procedure to improve the predictabil-
ity of general QoL. Specifically we, (1) estimated the
specific QoL scores in the test set and (2) used these
new predicted variables as new features in the RF
model predicting general QoL. Results are reported in
the last row of Table 3. It is easy to note that both the pre-
dictive power, computed by correlating observed and
predicted general QoL scores, and the RMSE statistic,
show a relevant improvement with respect to previously
tested models.
5. Discussion
In this paper, we studied how user-generated language
on Facebook is associated with QoL and its domain-
specific components, and as a second aim, we presented
findings about the predictability of QoL based on the
same data. Textual data were collected from Facebook
user profiles upon obtaining consent from participants
and then processed using the well-known LIWC soft-
ware in order to extract the quantitative linguistic
features.
Results show that average overall effect size for the
correlations between LIWC indicators and the QoL com-
ponents was generally quite weak. Nonetheless, we found
many significant associations. Firstly, we found a nega-
tive correlation between the total amount of pronouns
used on user-generated Facebook text corpora and gen-
eral QoL. Our findings also highlight that negative affec-
tive emotional processes and its subcategories (i.e.
anxiety, anger, and sadness) significantly negatively cor-
relate to general QoL and to its three sub-dimensions of
physical, psychological, and social QoL, with the stron-
gest relationship observed between general QoL and
online expressions of negative emotions (e.g. hate,
worthless, enemy).
Increased presence of ‘swear words’ was also nega-
tively related to general, psychological, and social QoL.
These findings are not surprising and confirm the associ-
ations found by many researchers between use of pro-
nouns and negative expressions in text, with low levels
of satisfaction with life (e.g. Chung and Pennebaker
2005; Tov et al. 2013; Yang and Srinivasan 2016). Fur-
thermore, profanity is commonly related to expressing
unfiltered feelings such as anger or frustration (Jay and
Janschewitz 2008). Holtzman, Vazire, and Mehl (2010)
evidenced strong correlations between anger and profan-
ity, and Yarkoni (2010) reported swearing to be strongly
associated with anger (Holtzman, Vazire, and Mehl
2010; Yarkoni 2010). Taking these findings into account,
users who use more swear words on Facebook might
actually be expressing emotions or thoughts of anger
and frustration, which are related to their current QoL.
Our findings also point out that use of words about
death is significantly related to lower QoL. This is similar
to the findings reported by Yang and Srinivasan (2016)
who found that individuals who were dissatisfied with
Table 3. Results of prediction models for QoL components using the Random Forests algorithm.
QOL Component Features R MAE RMSE n. trees n. features Depth of trees
Physical Post statistics + LIWC .22 0.62 0.84 8000 1 3
Psychological Post statistics + LIWC .30 0.90 1.01 8000 1 3
Social Post statistics + LIWC .26 0.81 1.00 8000 2 3
General Post statistics + LIWC .33 0.65 0.87 8000 1 Random
General Post statistics + LIWC + Predicted domain-specific QoL components .43 0.65 0.81 8000 1 Random
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life used words related to death more often than individ-
uals in the satisfied group, and those reported by
Alvarez-Conrad and colleagues, which showed that
increased use of words regarding death and dying was
associated with more severe post-treatment psycho-
pathology, poorer perception of physical health, and
lower overall well-being (Alvarez-Conrad, Zoellner,
and Foa 2001). We also found the sleep LIWC category
(e.g. asleep, bed, dreams) to be negatively correlated with
general, psychological, and social QoL. This finding
resembles closely related language research conducted
on SNS by Schwartz and colleagues. They analysed the
associations of language from user generated Facebook
posts to scores from a life satisfaction survey using the
LIWC, and found disengagement words such as ‘sleepy’
and ‘tired’ to be negatively associated to SWL (Schwartz
et al. 2016). Interestingly, use of words regarding body
states and symptoms was negatively correlated to gen-
eral, physical, and psychological QoL, a finding which
is in line with previous studies (Collins et al. 2015; Krie-
ger 2016; Yang and Srinivasan 2016), and highlights the
importance of online self-disclosures of body-related
concerns as a diagnostic indicator of individual QoL.
Results from the present study are also in line with
previous findings indicating that individuals who experi-
ence lower satisfaction with life tend to show increasing
use of present tense words on SNS (Park et al. 2017). This
finding may be interpreted in light of a heightened incli-
nation of individuals currently experiencing stressful life
events to focus on current their experiences when writing
their online posts (e.g. Firpo-Perretti et al. 2018), poss-
ibly as a way to facilitate cognitive-emotional processing
of these events (Lepore et al. 2000).
Finally, we found use of family-related words to be
positively correlated with social QoL. This finding is
complemented by previous research that states that indi-
viduals who report higher levels of happiness and well-
being use more social words in their vocabulary (e.g.
family, friends, humans) (Chung and Pennebaker 2007;
Rude, Gortner, and Pennebaker 2004). Furthermore,
Park et al. and Qui et al. reported that extroverted indi-
viduals also use more social words, and extroversion has
specifically been evidenced as a predictor for improved
happiness and life satisfaction (Steel, Schmidt, and Shultz
2008), thus suggesting an indirect relationship between
linguistic features, especially family related words, and
QoL.
The second aim of the paper was to test the predict-
ability of QoL variables based on linguistic features of
the texts shared by individuals on SNS. In order to
achieve this aim, we applied a machine-learning
approach using a RF algorithm to test the predictive
power achievable using linguistic features to estimate
individuals’ level of QoL; both general and specific
dimensions. The first models we developed achieved a
moderate predictive power, with Pearson’s correlations
ranging from .22 to .33. With respect to prediction accu-
racy, as evaluated by MAE and RMSE statistics, it
emerges that the General and Psychological QoL dimen-
sions are more accurately predictable than the other
dimensions, showing a low prediction error, with an
average error equal to 16% (MAE/range). As a last
analytical step, we applied a novel approach to predict
general QoL, aimed at improving both the predictive
power and accuracy of the model. Capitalising on the
known relationship between different aspects of QoL
and overall perception of QoL, we added to the text fea-
tures used in the previous models the predicted physical,
psychological and relational QoL scores as features in a
model to predict general QoL. In this way, we have
been able to achieve a significant improvement in the
model performance, achieving both a better predictive
power and improving the model accuracy.
Our findings indicate that the linguistic features of
SNS text contain valuable information that can be used
to predict individuals’ QoL with a relevant degree of
accuracy. In particular, the novel approach we tested
demonstrated to be useful to significantly improve the
model predictive performance: the addition of predicted
scores of theoretically related variables as features in the
predictive model for general QoL allowed us to reach
accuracy levels which outperform previous approaches
that used SNS-derived language to predict individual
well-being (for a meta-analysis, see Settanni, Azucar,
and Marengo 2018). Our results are encouraging and
point toward the use of predictive models based on
SNS data for large-scale detection of QoL, as well as to
track changes in individual QoL over time. Taking into
account the findings from the meta-analyses conducted
by Azucar and colleagues and Settanni and colleagues,
we expect that better performances in the prediction of
QoL could be reached by employing the linguistic fea-
tures in combination with other data sources as predic-
tors in the tested models (Azucar, Marengo, and
Settanni 2018; Settanni, Azucar, and Marengo 2018).
In particular, we can hypothesise that information
about linguistic features of the texts shared on SNS
could contribute to the development of screening pro-
cedures, in combination with data extracted from other
sources of information available online, such as Likes,
reactions, posted pictures and/or videos.
5.1. Limitations
We employed a closed-vocabulary analysis in order to
extract features from the Facebook text corpora,
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however, this method is limited to the results available
via pre-determined categories offered by the LIWC.
Recently, the use of open-vocabulary approaches have
been recommended, where feature extraction is guided
by the text itself, and no a-priori theories or expla-
nations are needed. This method has been proven effec-
tive in finding associations between digital footprints
and psychosocial characteristics that might be missed
with closed-vocabulary approaches (Schwartz et al.
2013). Given the low sample size, the use of an open-
vocabulary approach for our study was not possible.
Finally, when it comes to analysing a large corpora of
user-generated text, much like those collected on SNS,
text analysis procedures that rely on word counts are
not effective in recognising word context, sarcasm,
slang, and or distinguish between multiple meanings
of single words. This limitation, even if common to
other studies, represents a significant source of bias in
accurately detecting language features, as well as com-
promising our ability to detect significant associations
between language use in SNS and QoL.
Furthermore, while SNS provide a vast source of user
generated data, individuals who remain active on Twit-
ter and Facebook are mostly younger individuals living
in Western developed countries. Research also high-
lights that younger and older Facebook users engage
the platform due to different motives, which may
affect the type of behaviour they engage in on Facebook
(Christofides, Muise, and Desmarais 2012; Davenport
et al. 2014), therefore affecting how ‘age-specific’ digital
footprints can be reflective of personal characteristics.
Further, participants of our study were mostly young
adult Facebook users, and because of the known U-
shaped distribution of QoL over the life cycle (e.g. Blan-
chflower and Oswald 2008), this may have in part lim-
ited the variability of collected self-report QoL data.
Based on these considerations, results from the present
study are possibly biased given the self-selection of the
sample: future studies should aim at reaching a larger
and more diverse sample, possibly including data
from different SNS platforms. Ideally, individual data
should comprise features extracted from all of SNS plat-
forms used by participants.
Finally, as indicated by Shmueli (2010), having used a
predictive approach (as opposed to an explicative
approach), our findings should not be interpreted in
light of an implicit or explicit causal theory linking
QoL and online activities. In fact, the links found
between user-generated text and QoL can probably be
better interpreted as the results of different and coexist-
ing types of relationships: causal relationships in both
directions (online activity causing QoL, and QoL causing
online activity; e.g. ‘I communicate on Facebook with
friends from abroad and this makes me feel good’ or ‘I
write on Facebook about death because I feel really bad
about my current condition’) and spurious relationships
(e.g. a third variable causes variation in two other vari-
ables, that in turn appear to be correlated with each
other). Given this, there is no need to try and develop
a model of the underlying causal structure, even if inter-
esting insights can arise by examining the emerging
relationships between study variables.
5.2. Conclusions
In this study, we have empirically demonstrated the
connection between language use on Facebook and
general and domain-specific QoL. The presence of sev-
eral significant correlations can be interpreted as an
extension to the QoL construct of the already proven
association between online activities, as recorded by
digital footprints, and individual characteristics and
states. Regarding the prediction of QoL based on text
data extracted from SNS, this study shows that this
aim can be quite successfully achieved: despite the
already mentioned limitations, our findings do rep-
resent a clear indication of the possibility to predict
QoL with an acceptable degree of accuracy, based
solely on data collected from Facebook. The inclusion
in the final predictive model of theoretically related
scores for QoL sub-dimensions permitted to improve
the predictive performance over general QoL with
respect to models solely based on text-features. This
result is important because it introduces an approach
that can be applied with other constructs, such as per-
sonality traits and psychological distress (e.g.
depression and anxiety).
To conclude, the current study provides support to
the idea that by mining language data collected online,
it may be possible to obtain remarkably accurate predic-
tions of individual QoL in adult Facebook users. The
approach presented in our study provides the foundation
for the development of innovative and unobtrusive
methods to detect QoL in online populations by way of
SNS. The development of similar methods would have
important practical implications for interventions
requiring the monitoring of both general and specific
populations (e.g. individuals recovering after surgery,
or patients with chronic diseases), providing a more
cost-effective way to track QoL over time when com-
pared with traditional questionnaire-based methods.
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